We examine the relationship between marijuana use and non-drug related crime using data on arrests from the Arrestee Drug Abuse Monitoring (ADAM) Program and Uniform Crime Reports. There is a positive association between self-reported use at the time of the offence and non-drug related violent, property and income-producing crime even after accounting for other substance use in the ADAM data. Reduced form equations using both data sets only provide evidence supporting a causal mechanism for property and income-producing crime. In the case of violent crime, we find a statistically significant association with arrests but not reported crime, suggesting that marijuana use may just influence the likelihood of getting caught committing these crimes.
I. Introduction
An extensive literature exists examining the relationship between substance abuse and crime, the focus of which has typically centered on cocaine, heroin, and alcohol. Few studies specifically examine the relationship between marijuana and crime despite consistent findings that marijuana is the most commonly identified drug among arrestees. Reports from the United States, England, and Australia, for example, all show that approximately 60% of arrestees test positive for marijuana use and that marijuana is the drug whose metabolites are most frequently found in arrestees' urine (Taylor and Bennett, 1999; Makkai et al., 2000) .
There are two good reasons why inferences should not be made about the relationship between marijuana and crime on the basis of urine tests of arrestees. First, very few arrestees who test positive for marijuana have only used marijuana. Most of those who test positive for marijuana also use other illicit drugs or alcohol (NIJ, 2000) 1 . The use of these other substances may be what motivated the criminal behavior rather than marijuana. Second, unlike other illegal substances, a positive urine sample for THC only indicates use in the past month; it does not indicate that marijuana was used immediately prior to the offence taking place. Hence, a positive urine test in the case of marijuana cannot be interpreted as evidence that the crime was committed under the influence of marijuana.
Despite its frequent use among arrestee populations, marijuana has generally been shown to inhibit aggressive behavior and violence in humans and thus it is believed not to be a major contributor to crime (Miczek et al., 1994; White and Gorman, 2000) . However, in their review of the literature on the topic, the National Research Council concluded that the long-term use of marijuana may alter the nervous system in ways that do promote violence (National Research Council, 1993) . Further, a consistent link between frequent cannabis use and violent crime and property damage has been identified among juveniles (Dembo et al., 1991; Salmelainen, 1995; Baker, 1998) . Thus the issue of whether marijuana use causes crime, even if limited to a small segment of the population, remains in question.
The assumption that drugs and crime are causally related is a major reason for prohibiting the use of illicit drugs in many developed countries. If marijuana use is not the cause of crime, but merely defined as a crime, then one must consider all the criminal justice resources dedicated to arresting, processing, and adjudicating marijuana offenders as a cost of prohibition when weighing the cost and benefits of our current marijuana policy.
In this paper, we begin to investigate the causal association between marijuana use and crime. Using individual-level data from the Arrestee Drug Abuse Monitoring (ADAM)
Program, we examine the relationship between marijuana use and the probability of getting arrested for a violent, property and income-producing and crime while controlling for concurrent use of alcohol and cocaine. Models consider the sensitivity of results when marijuana use is measured by a positive urine test, self-reported use in the past 3 days, and self-reported use at time of the offence. We find that marijuana use is positively associated with the likelihood of being arrested for a property and income-producing crime, with reduced form models supporting the conclusion that at least some of the association is causal in nature. This finding is further supported by additional analyses of the number of property and income-producing offence arrests measured in the Uniform Crime Reports (UCR). Models estimating the likelihood of being arrested for a violent crime using reduced form models are mixed, with no statistical association found in the ADAM sample and a positive association between marijuana use and violent crime arrests in the UCR sample.
The rest of the paper is organized as follows. In the next section we provide some background on the hypothesized relationship between marijuana and crime and the findings to date. In section III we present the theoretical framework. In Section IV, we discuss the empirical model and the primary data sets used to estimate our models. In Section V we present our results and in Section VI we offer some discussion and conclusions.
II. Background and Significance
Surprisingly few studies have explicitly examined the relationship between cannabis use and crime. Those studies that have been done generally examine the association within the context of four alternative hypotheses based on Goldstein's (1985) tripartite framework, where the association between marijuana use and crime is explained by either psychopharmacological factors, economic-compulsive behavior, systemic violence or common factors.
The psychopharmacological model hypothesizes that drug users engage in violent and/or non-violent crime because of the acute psychoactive effects of the substance (Goldstein, 1985) .
There is very little support for this model in the case of marijuana, except for adolescents.
Laboratory studies generally show that marijuana, unlike alcohol, temporarily inhibits aggression and violence (Mizcek et al, 1994; White and Gorman, 2000) , raising doubt that any association identified in the data is causal in nature. Still, there is some evidence showing a correlation between chronic marijuana use and increased risk of violent behavior Kaplan and Damphousse, 1995) .
Although cannabis use may temporarily inhibit aggression in the general population, it is possible that cannabis use increases aggression in some individuals. In controlled laboratory studies, for example, the relationship between alcohol use and aggression is influenced by subject characteristics, such as gender, aggressive tendencies and cognitive abilities, as well as experimental conditions, such as whether the subject was provoked (Bushman, 1997) . Indeed, Bushman's (1990) meta-analysis found more aggression among marijuana smokers than placebo controls in laboratory experiments, although he notes that the placebo controls showed significantly less aggression than nondrug controls highlighting the importance of individual heterogeneity in general tendencies toward aggression. Nonetheless, it may be the case, as suggested by the US National Research Council (1993) , that prolonged use of cannabis promotes violent or aggressive behavior because of changes in the nervous system.
There is far more convincing evidence of a link between frequent cannabis use and violent crime and nonviolent delinquency among juveniles (Salmelainen, 1995; Fergusson and Horwood, 1997; Baker, 1998) . In a study of 10,441 secondary students in New South Wales, Australia, students who were frequent cannabis users were two times more likely to participate in assault and malicious damage of property than students who did not use cannabis. The relationship persisted after adjusting for differences in developmental characteristics, demographics and other substance use (Baker, 1998) .
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In a longitudinal analysis of a New Zealand birth cohort, Fergusson and Horwood (1997) considered four measures of delinquency in their analysis of the consequences of adolescent marijuana use: three or more violent offences, three or more property offences, arrested by police, and convicted of an offence in court. There was a dose-response relationship between each of these outcomes and frequency of marijuana use by age 16. This persisted after adjustment for covariates, suggesting that it was not wholly explained by the characteristics of adolescents who become regular marijuana users by age 16. It 2 The developmental factors controlled for in the model included parental supervision, family structure, school performance and truancy. The demographic factors accounted for were gender and Aboriginality. Other substance use indicators accounted for were infrequent and frequent use of alcohol and any use of opiates, stimulants, and steroids.
also persisted after adjustment for drug use and criminal behaviour in the user's peer group, indicating that it was not explained by affiliating with delinquent and drug using peers.
Economic crime is that which is motivated by the need to generate income to fund one's own drug use (Goldstein, 1985) . By comparison with other illicit drugs, marijuana consumption does not typically produce compulsive patterns of criminal behavior among users and it is not as expensive as other illicit drugs. However, studies suggest that there may be some economically motivated crime at least among youth. In studies of juvenile offenders in the United States and Australia, young offenders who reported frequent use of marijuana reported greater involvement in theft than non-users (Dembo, et al. 1991; Salmelainen 1995; Stevenson and Forsythe 1998) .
In addition, among juvenile offenders higher marijuana involvement was significantly correlated with higher rates of offending for specific property crimes (Salmelainen, 1995; Stevenson and Forsythe, 1998) . The relationship was supported by Baker's (1998) study of secondary students from New South Wales, in which he found that frequent marijuana users were almost five times more likely to report participation in acquisitive property crime than non-users, even after controlling for individual characteristics, family background, and other substance use (Baker, 1998) . 3 What is perhaps most surprising about this study is the fact that frequent marijuana use was found to have a larger effect on participation in property crime than frequent alcohol use or any other illicit drug use.
Systemic violence is that which arises when violence is used to enforce contracts or to resolve "turf wars" in illicit drug markets. Such violence is motivated by the enormous profits that are generated by illicit drug sales and by the absence of legitimate law enforcement to resolve disputes. For a number of reasons it is doubtful that the experience of violence in heroin and cocaine markets is applicable to marijuana markets. There is some evidence that violence has been generated by marijuana markets in a few places in the United States, but this has been extremely rare and very localized (Goldstein et al., 1989; ONDCP, 2001) . For example, Goldstein et al (1989) found in their assessment of 414 drug-related homicides in New York City that only 6 were related to marijuana. Ethnographic work examining the drug market in New
York City showed that although marijuana dealers dominated outdoor parks and streets during the early 1980s, the marijuana market was not associated with the violence seen in the crack market. In the United States today, the majority of marijuana sales are done in private so dealers do not see even see their competitors (ONDCP 2001 , Taylor et al. 2001 . Even the majority of arrestees report purchasing marijuana indoors (median was 71%). The proportion of arrestees who made outdoor purchases of marijuana exceeded 50 percent in only 4 sites (Taylor et al., 2001 ).
Marijuana use and criminal behavior may also be associated because both behaviors are driven by a common cause, such as personal characteristics of individuals that motivate them to become involved in both behaviors (Hirschi and Gottfredson, 1988; Fagan, 1990; White 1990 ).
Among the third factors that have been hypothesized to generate the association are: gang involvement (Fagan, 1990) , peer effects (Gorman and White, 1995) , general problem behavior during adolescence (Jessor and Jessor, 1977) , and common environments or situational causes (Skogan, 1990; Fagan, 1993) . There is evidence that substance use and delinquent behavior share many common causes or predictors. For example, many of the childhood risk factors for violence, such as hyperactivity, impulsiveness, risk taking, early school failure, peer rejection, and inability to delay gratification, have been identified as risk factors for teenage drug use and adult drug problems (Hawkins, Catalano, and Miller, 1992; Brook, Whiteman and Cohen, 1995) .
Although the common factor model is the model most commonly believed for marijuana, there is evidence supporting a causal mechanism and thus the question regarding a causal link even if limited to specific populations remains unanswered. In this paper we explore the relationship between marijuana use and criminal activity using data from two different data sources on crime, the Arrestee Drug Abuse Monitoring program (ADAM) and Uniform Crime Reports (UCR). Reduced form models are used to test the appropriateness of conclusions regarding the association between an individual's marijuana use and the likelihood of getting arrested for a violent, property, and income-producing crime.
III. The Theoretical Framework
Following the theoretical work of Ehrlich (1973) , we assume that criminals are riskneutral expected utility maximizers and make decisions about whether to commit specific crimes based on whether the expected reward (benefit) is greater than the expected cost. The use of mind-altering substances, including marijuana, may influence one's perceptions of the expected payoff or expected cost of engaging in specific crimes or it may reduce one's natural inhibitions for engaging in criminal activity. The direct mechanism through which marijuana and other substances influences the individual's decision to commit an offense is not of immediate interest in this paper because the data are not sufficient to empirically test alternative causal mechanisms.
We therefore focus on a reduced-form equation of the number of offences that individual i living in jurisdiction j chooses to become involved in at time t (O ijt ), which can be specified as follows:
( If marijuana use does influence one's willingness to engage in crime, either by reducing one's natural inhibitions or by changing one's perceptions of the expected costs or benefits, then we would expect that an increase in the price of marijuana, which reduces the consumption of marijuana, would be negatively associated with the number of offences committed, or
It is quite plausible in light of physiological properties of marijuana, however, that marijuana use only influences one's willingness to engage in certain types of crimes. Thus, in our empirical specification of the model, we separately examine the relationship between this substance and violent, property and income-producing crimes.
IV. The Data and Empirical Models
Two different data sets are used to explore the relationship between marijuana use and crime. The first source of data is the Arrestee Drug Abuse Monitoring ( Although the data are non-representative of the overall arrestee population, they are the only data source where information on the offender's substance use near the time of the arrest is available. Self-reported use of various legal and illicit substances in the past year, past month and past 72 hours are obtained and validated through analysis of urine specimen. The urinanalyses can identify any of ten substances (including the NIDA-5: cocaine, opiates, marijuana, methamphetamine and PCP), but the results should be interpreted with caution since some drugs are detectable in the body for up to a month after consumption. Between 1995 and 1999, the survey also included questions pertaining to whether the offender was "under the influence" of specific drugs at the time of the offence. Given that marijuana is one of the drugs that remains detectable in the body for longer periods of time, knowledge of use of marijuana at the time of the offence is extremely important for validating a causal connection. Hence, we use information from the 1996 through 1999 ADAM data for our current analysis. Data from 1995
were not included because of a change in the method for evaluating a positive urine test during that year that resulted in an increase in the number of marijuana detections (NIJ, 1999) .
ADAM reports up to three charges for each arrestee and classifies these into more than fifty offenses, ranging from murder to unlicensed vending. We aggregate the most serious offence into three broad categories: violent crime, property crime, and income producing crime.
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Violent crime includes murder, forcible rape, robbery and aggravated assault. Property crimes include burglary, larceny-theft, motor vehicle theft and arson. Income-producing crimes are defined as robbery, burglary, motor vehicle theft, forgery, embezzlement, stolen goods, and prostitution. For each type of crime in the ADAM data, we estimate the following regression model:
where c = violent crime, property crime and income producing crime, Φ is the cumulative distribution function of the univariate normal distribution, W j is a series of dummy variable for each ADAM site that pick up time invariant unobservable factors that are unique to each location, ε it is an individual random error term which is assumed to be normally distributed, and the other variables are as specified previously. These 19 cities represent main branch offices for the DEA. The price and quality information 6 Year dummy variables were also explored but the dummies indicated a linear trend. Hence the linear trend was employed in all of the models. 7 We also considered a measure of the relative crime per officers by constructing a measure of the total crime per number of full-time sworn officers. Results are qualitatively similar to those presented here. 8 Individuals with missing information for either of these income measures, approximately 20% of our ADAM sample, were dropped from the current analysis.
are obtained for purchases made by undercover police officers and DEA agents that are sent to a laboratory for analysis. For the purposes of this analysis, we focus on the quarterly prices for commercial marijuana sold at the retail level. Predicted quarterly prices are obtained using data from 1982 through 2001 to predict the natural logarithm of real price using indicators for the location of the DEA field office, year, interaction terms of the DEA field office and the year of purchase, and year squared. 9 We match the predicted price to the ADAM data set based on quarter and to the UCR data based on year. Each ADAM site is assigned the predicted price of the closest within-state branch office that reported to one of the 19 main field offices.
Cocaine and alcohol prices are included to ensure that the estimated marijuana price effects do not reflect indirect effects through alcohol and cocaine consumption. Similar to previous studies, we use information about the price of cocaine from the DEA's STRIDE data.
STRIDE contains records on acquisitions of cocaine (and other illicit drugs) made by undercover agents and informants of the DEA. For each cocaine acquisition, information is recorded about the type of cocaine (e.g. cocaine base (crack), cocaine hydrochloride (powder cocaine), and others), the quantity acquired, its purity (in percent), the cost (if the cocaine was purchase rather than seized), along with the DEA field office responsible for the acquisition and the date that it took place. In addition to cost differences arising from the form of cocaine, the cost of purchases may vary due to the weight and/or purity of the purchase. One method to account for differences in the weight purchased is to divide the (CPI deflated) cost of purchase by its weight to obtain a price per gram. However, this method ignores the quantity discounting evident in these data as well as differences due to actual purity. To overcome these issues, we follow the economics literature and form a predicted price of a pure gram of cocaine for each year and 9 It is necessary to use predicted prices instead of actual prices because of missing data for particular cities and quarters.
city.
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City-specific predicted quarterly and annual prices for one pure gram of cocaine were matched to the ADAM site on the basis of the closest city for which we had price data.
Information on the monetary cost of alcohol is represented by the CPI deflated sum of federal and state taxes on a twelve-ounce can of beer. These data are published annually in the Beer Institute's Brewers' Almanac. Information on state and local taxes is used for these analyses instead of city-level alcohol prices because city-specific prices are not consistently available through ACCRA for the ADAM locations in our sample. However, supplemental regressions using this alternative measure for alcohol price resulted in similar findings.
The ADAM data obviously represent a selective population in that we only observe individuals in these data if they committed an offence, were caught, and were sent to a booking facility that participates in the ADAM survey. Probabilistic samples were not drawn from most jurisdictions until 1998. Hence, there are numerous reasons to be concerned about the generalizability of findings obtained from these data. Therefore, we also examine reduced form models using data from the Federal Bureau of Investigation's Uniform Crime Reports (UCR) to test the robustness of our findings. The UCR system collects information on the number of crimes reported to the police in specific crime categories each year for every city in the country.
Arrests are also reported for each jurisdiction by criminal offence. While the shortcomings of these data are well documented (e.g. O'Brien, 1985) , they remain the only source of geographically disaggregated crime and arrest data in the United States.
Because we are primarily concerned about ADAM's reliance on convenience sampling during the 1996-1999 time period, we restrict our UCR data to reflect the same 35 counties included in our ADAM sample. Further, we restrict the UCR time period to 1994 through 2000 so that it overlaps with our ADAM sample; thus we can reduce the number of plausible explanations for differences in results that might emerge across these two data sets.
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Publicly available data from the UCR provide information on crime and arrest rates, but no information is available on individual characteristics or whether crimes were committed under the influence of alcohol or illicit drugs. At best we can infer an association between crime and marijuana use from the UCR by using a reduced form model to determine if decreases in marijuana prices are associated with increases in particular types of crime. Using data from ADAM, we are able to confirm that use of marijuana among the arrestee population is price responsive (see Table A1 in the Appendix). 12 Preliminary examination and statistical testing of the UCR data suggests that the appropriate empirical specification of equation (5) 11 It was necessary to expand the time horizon in the UCR data because our unit of observation in the UCR is a county-year. Thus a sample from 1996-1999 would have little statistical power. We chose the years 1994-2000 because trends in crime rates in these locations during that time period were consistent with what occurred during 1996-1999. 12 The probability of using marijuana, as measured by all three indicators of use in our ADAM sample, is negatively associated with changes in price. 13 The specific functional form was determined by empirically testing alternative functional forms suggested by boxcox transformations. The variance structure was determined through a modified Park Test (Deb, Manning, and Norton, 2003) .
In the case of property and income-producing crimes, we model these outcomes using general linear models with log-link functions and constant coefficient of variation, or: In our UCR analyses, we include an additional measure of local enforcement (E jt ) so that we can account for the prominence of drug crime and drug enforcement activity in the area. In addition to a measure of the local crime per number of officers, we construct the ratio of local drug arrests to total reported crime from UCR data. Both our measures of enforcement are likely to be endogeneous in the UCR analyses. However, we are unable to identify variables that allow us to uniquely identify variation in law enforcement independent of arrests. Thus, to test the sensitivity of our main marijuana findings to the inclusion of these endogenous variables, we run two sets of models for each outcome. One set of models excludes these enforcement measures and one set includes them.
Descriptive statistics for the ADAM and UCR samples employed for all regression analyses are included in Table 1 . Looking only at violent, property, and income-producing 14 Unemployment figures were not available for the Anchorage FIPS so unemployment data for the Anchorage MSA are substituted (http://www.economagic.com/em-cgi/data.exe/blsla/lausm03800003).
crimes, there is a larger share of income-producing crimes in the ADAM sample than in the UCR. And for both samples, violent crimes are the least common of the three categories. The predicted prices for cocaine and marijuana, on average, are slightly higher in the UCR sample, in part because the UCR data include data on all 35 locations going back to 1994. The ADAM data only have information for 23 of the 35 cities until 1998. The difference in county characteristics between the two samples therefore, can partially be explained by the inclusion of all cities for more years in the UCR and the fact that the ADAM sample draws a different number of observations from each jurisdiction. To adjust for the unequal weight attributed to various jurisdictions within the ADAM sample, all models are run using a Huber/White correction of the standard errors using the "robust" option in STATA 7.0.
V. Results
Table 2 provides a preliminary look at the association between marijuana use and specific types of crime for the full ADAM sample. When individuals charged with a drug offence are included in the sample, then marijuana users-identified through urine tests or self-reported use-are generally found to be less likely to be charged of a violent, property or incomeproducing crime than non-users. The notable exception are those individuals who reported use in the past three days who are statistically more likely to be arrested for property and income producing crime, but the finding of a positive association contradicts the result of a negative association for those self-reporting that they were under the influence at the time of the arrest.
Individuals who report being under the influence of alcohol at the time of the offence are more likely to be charged with a violent crime and less likely to be charged with a property or income-producing crime. Not surprisingly, the data show that marijuana users, regardless of how it is measured, are statistically more likely to be charged with a drug crime. Those under the influence of alcohol, however, are less likely to be charged of a drug-involved crime.
Given that we are only looking at those arrested, it is not surprising that marijuana users are more likely to be charged with a drug-related crime and less likely to be charged with other crimes simply because many marijuana users are picked up on drug charges. Once we take individuals arrested on drug charges out of the sample, however, we should not expect to see any sort of systematic relationship between marijuana use and specific arrest charges unless there is some sort of association (spurious or real) between marijuana use and these specific offences.
When we remove those arrested on drug charges from the sample, we see some interesting changes. In the case of violent crime, we find that those who report use of marijuana in the past three days or being under the influence at the time of the crime are no longer less likely to be charged with a violent crime than non-marijuana users. In fact, those with a positive urine test for marijuana are statistically more likely to be charged with a violent crime than those testing negative. Given that marijuana can be identified in urine for up to 30 days past the time of consumption, this suggests that individuals who engage in violent crimes are also likely to engage in marijuana use but the marijuana use is not necessarily related to their decision to engage in crime.
In the case of property and income-producing crime we find a more consistent story across different measures of marijuana use. Here we see that marijuana users, regardless of how it is measured, are more likely to be arrested for property and income-producing crime.
Interestingly, this is the opposite of what we find for those who report being under the influence of alcohol. Those who report being under the influence of alcohol at the time of the offence are less likely to be in either property or income producing crimes than non-alcohol users.
None of the previous findings control for observable factors that may be driving these associations. In Table 3 we present the marginal effects from a probit specification of the likelihood of being charged with a violent crime controlling for individual demographics, sources of income, county demographics, unemployment rates, and county law enforcement.
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Given the previous table demonstrated differences in findings based on the measure of marijuana that was employed, we decide to estimate each of the models using the three different measures of marijuana use as well as the price of marijuana so we could have a better understanding of how to interpret results from the models including price. Results from the first two models (M1 and M2) suggest that marijuana users are less likely to be charged with a violent arrest than nonusers. However, this finding does not hold in model 3 (M3), where use is measured at the time of the offence suggesting that the association identified in the first two models may not be causal in nature. Indeed, our reduced form specification of the model (M4) shows a positive but statistically insignificant relationship between marijuana price and the probability of a violent crime offence, reinforcing the conclusion that marijuana use is not causally related to violent criminal behavior.
Neither the beer tax nor the price of cocaine is statistically significant in these models, contrary to findings from previous studies (DeSimone, 2001; Lott and Mustard, 1997; Cook and Moore, 1993) . Although this might appear to be somewhat surprising, it is easily explained by the limited longitudinal variation in these variables during the time period being evaluated and the inclusion of county fixed effects. Cross-sectional variation in the beer tax is captured by county-specific dummies that are included in the regression; the only independent variation that can be identified from the beer tax is the within state variation in real taxes over time. During the time period being evaluated (1996 through 1999) there is minimal temporal variation in the real beer tax in the 26 states represented by the ADAM sites. 16 A similar problem exists for cocaine, in that city and time dummy variables explain nearly 95% of the variation in cocaine prices during the period being examined here. However, some independent temporal variation still exists because of differences in seasonal fluctuation in the quarterly price of cocaine that differs across sites. We are less concerned about this issue in the case of marijuana prices because our demand models (shown in Appendix A1) demonstrate a negative and statistically significant association between price and consumption, as theory would suggest, even though time and county fixed effects are included. We interpret this as evidence that sufficient temporal variation exists in our marijuana price measure.
Given there is so little variation in the beer tax across locations, we are concerned that models including the beer tax may suffer an omitted variable bias that may lead to improper conclusions with respect to the relationship between marijuana use and crime. We therefore reran the models replacing the beer tax with a measure of self-reported use of alcohol at the time of the offence. We find that when we use this alternative measure of alcohol use we get a positive and statistically significant association between alcohol use and violent crime, consistent with the literature (DeSimone, 2001; Cook and Moore, 1993) . More importantly, however, the inclusion of this alternative measure of alcohol use does not significantly alter our previous findings with respect to marijuana use. Although the coefficients on the self-reported marijuana use measures get larger in absolute value and self-reported marijuana use at the time of the crime becomes statistically significant, the marijuana price measure remains statistically insignificant.
This supports the conclusion that the positive association implied by indicators of self-reported marijuana use is not be due to a causal mechanism.
16 Alternative models were estimated using beer prices from ACCRA but this did not improve the results.
In Table 4 we present findings from similar models of the probability of getting arrested Second, our method for predicting the price of cocaine differs substantially from that employed by DeSimone (2001) . 17 For example, we do not include measures of crime and drug arrests when predicting cocaine prices and we exclude crack observations from our price regression so that our price series only reflects changes in the price of powder cocaine. 18 Thus, we are cautious not to place too much importance on this finding.
In Table 5 we present results from models estimating the probability of being arrested for an income-producing crime. The results presented in these models again suggest that marijuana use is causally linked to crime as self-reported measures of marijuana use near the time of the arrest (Models M2 and M3) are positively and significantly associated with property crime and the price of marijuana is inversely related to income-producing crime at conventional levels of significance. The fact that the results from models M2 through M4 are substantially different than those implied by model M1, which relies on urinalysis for identification of use, suggests that we should be cautious drawing conclusions from associations identified off this measure of use.
As was the case in Table 4 , we again see in Table 5 a positive association between cocaine prices and income-producing crime, but the same interpretation applies. An intriguing puzzle is presented in Table 5 by the different implied relationship between alcohol and incomeproducing crimes based on our two different measures of alcohol use. When the beer tax is used to capture the influence of alcohol consumption, we find that higher beer taxes, indicating less alcohol use, is associated with a lower likelihood of being arrested for an income-producing crime, consistent with results obtained elsewhere in the literature (DeSimone 2001, Gyimah-17 As indicated in the prior section, we use a much more restricted subset of the STRIDE data and do not include measures of arrest or crime in our estimation of the price of cocaine. 18 There is a significant literature demonstrating an association between crack cocaine use and crime (Grogger and Willis, 2000; Inciardi, 1990; Fagan and Chin, 1990) . It may be the case that by narrowing our focus to powder cocaine in the 1990s, we identify a different relationship between cocaine and crime. Future research will explore this hypothesis. Brempong, 2001 ). This contradicts findings obtained from models M5 through M8, however, where alcohol intoxication is shown to be negatively associated with getting arrested for incomeproducing crimes. The contradiction may simply be caused by an endogeneity bias that is generated from the inclusion of self-reported alcohol measures, but it is difficult to know for sure given the limited variability in the beer tax measure.
Overall the findings from the reduced form models would suggest that marijuana use is positively associated with property and income-producing crimes and that no causal association exists between marijuana use and violent crime. However, one must be careful drawing these conclusions based on analysis that only considers the likelihood of getting arrested for a specific criminal offence among a nonrandom sample of arrestees. Results from these models may not hold in the general population because this sample is not representative of the general arrestee population, the criminally involved population, or the general population.
To test the generalizability of these findings to the arrestee population, we estimated models of the number of arrests for violent, property and income producing crimes in the same geographic locations over a similar time period using county-level data from Uniform Crime Reports. Results from these models are presented in Table 6 . In the case of the number of property crimes and income-producing crimes we obtain results that are consistent with those presented in Tables 4 and 5 . Higher marijuana prices, indicative of lower marijuana use, are negatively and statistically associated with the number of property and income producing criminal arrests per capita, suggesting that marijuana use is positively associated with these measures of arrest. This finding is not sensitive to the inclusion of the endogenous enforcement measures (Column M2).
We find a new result when the dependent variable is the number of violent arrests per capita. In the ADAM analysis (Table 2) we saw no statistical relationship between marijuana prices and the probability of an arrest for a violent offence. Here in Table 6 we see that marijuana prices are negatively and statistically associated with violent crime arrest rates, suggesting that marijuana use may be positively associated with violent crime as well. The result is robust to the inclusion of the endogenous enforcement measures.
It is important to consider the differences in the samples employed for these two analyses before interpreting these findings. The UCR and ADAM samples employed in Tables 2 and 6 differ in the following ways: the representativeness of the data samples; the inclusion of three extra years of data in the UCR analysis; the exclusion of individual demographics in the UCR analysis; and the presence of data for all thirty-five cities for all years in the UCR sample. 19 We ran additional analyses exploring the influence of omitted demographics, the extra years, and the presence of cities in additional years and none of these factors led to a change in the statistical significance of the marijuana price variable, suggesting that the cause for the differential findings across the UCR and ADAM analysis is who is represented in the data.
Findings with respect to the beer tax and cocaine price also differ across the ADAM and UCR analysis. For example, beer taxes are shown in Table 6 to be positively associated with higher levels of all three arrests, which is inconsistent with the previous tables. Our supplemental analyses reveal that this finding is driven by the inclusion of all thirty-five counties in all years. When we restrict the UCR sample to just those counties that are in the sample ADAM sample in each year, we again see that there is no statistical association between the beer tax and any of the arrest rates. The sensitivity of the finding to the inclusion of additional counties in some years reinforces our concern regarding how to properly interpret any findings 19 The ADAM sample grew from 23 cities in 1996 and 1997 to 35 cities in 1998 and 1999. from this variable. The findings with respect to the price of cocaine in Table 6 are much more consistent with the existing literature and are robust to changes in the county and years of data included. Thus, we believe that this difference in results pertaining to the cocaine price measure on crime rates identified across the different studies is largely being driven by a difference in the representativeness of the two alternative samples.
VI. Discussion
Results from reduced form specifications of models of the number (UCR) and type (ADAM) of arrest suggest that marijuana use may actually be causally associated with specific types of crime, even for the general population of arrestees. Evidence from both sets of analyses suggest that higher marijuana use, as indicated by lower marijuana prices, is positively associated with property arrests and income-producing criminal arrests. There is also evidence from the UCR analysis that marijuana use might be positively associated with the number of violent arrests.
A significant limitation of the results so far is that we do not know the extent to which those arrested for crimes are behaviorally similar to those who commit crimes. It may be the case that substance use reduces an individual's ability to get away with a crime rather than influencing the likelihood of committing a crime. To consider this possibility, we re-ran our basic reduced form model using crime rates instead of arrest rates for the same locations in our ADAM sample. Although we recognize that crimes reported may not accurate reflect actual crimes committed, these are the only source of crime for all the locations in our ADAM sample.
Results from these additional specifications are included in Table 7 . Note that we are unable to estimate a model for the number of income-producing arrests per 10,000 residents because the data were not available at a disaggregated level.
Results from our reduced form models predicting violent crime per 10,000 residents in the ADAM locations reinforce the original findings presented in Table 2 that marijuana use is not causally linked to violent criminal behavior. The marijuana price variable, although negative, is statistically insignificant at conventional levels and this null finding is invariant to the inclusion of general enforcement measures. The results from our models predicting property crime are more mixed, as the marijuana price variable is only negative and statistically significant when endogenous measures of enforcement are included in the model. Future work will need to carefully consider the proper treatment of these endogenous variables to fully understand the nature of the relationship between marijuana use and known property crimes.
The results from reduced form models tell a fairly consistent story across all of the tables.
The positive association between marijuana use and arrests for property and income-producing crimes is not driven by a spurious correlation; these findings suggest a causal interpretation.
These results are consistent with models using more proximate measures of use, including use of marijuana at the time of the offence. However, the proper interpretation of the result is still unclear. It may be the case that marijuana use causes individuals to participate in these crimes or it may be the case that marijuana use increases the likelihood that offenders get arrested for these crimes. Further investigation of this important distinction with other data sets will be necessary.
The results pertaining to the relationship between marijuana use and violent crime are a bit more complex to interpret. Evidence from the ADAM sample of arrestees suggests that the positive association identified between marijuana use and violent crime is not causal in nature.
This result is not confirmed in analyses using all known arrests from the ADAM cities, however.
When UCR arrest data are employed a causal interpretation is supported. But the finding disappears again when crime is measured in terms of known offences as opposed to arrests, suggesting that the positive association identified in the UCR analysis may be driven by the fact that marijuana users who participate in crime are more likely to get arrested. Future work will need to consider the extent to which these current findings hold in a nationally representative sample of arrests and crime in order for us to clearly understand whether the criminal justice costs of marijuana prohibition are partially reimbursed through a reduction in crime. and illegal income, quarter dummies, time trend, county unemployment rate, the number of police per capita, real county income, % county population that male, black and other race, and age demographics of the county. Statistical significance is designated as follows: *** indicates significance at the 1% level (2-tailed test), ** indicates significance at the 5% level , and * indicates significance at the 10% level. and illegal income, quarter dummies, time trend, county unemployment rate, the number of police per capita, real county income, % county population that male, black and other race, and age demographics of the county. Statistical significance is designated as follows: *** indicates significance at the 1% level (2-tailed test), ** indicates significance at the 5% level , and * indicates significance at the 10% level. and illegal income, quarter dummies, time trend, county unemployment rate, the number of police per capita, real county income, % county population that male, black and other race, and age demographics of the county. Statistical significance is designated as follows: *** indicates significance at the 1% level (2-tailed test), ** indicates significance at the 5% level , and * indicates significance at the 10% level. 
HISPANIC
Statistical significance is designated as follows: *** indicates significance at the 1% level (2-tailed test), ** indicates significance at the 5% level , and * indicates significance at the 10% level.
